ABSTRACT We develop the weighted separate evidence correlation coefficient as the measurement of the conflict evidence for these reasons that most of the existing evidence measurement: 1) cannot separate the consistent and conflict evidences; 2) do not consider the weight of the focal element; and 3) mix the single subset and union subset focal element. In addition, in the evidence theory only the kernel makes sense, so we need not consider all the other elements with zero belief in the frame of discernment and just use the weighted separate union kernel correlation coefficient as such a measurement. This measurement lies in [−1, 1] instead of [0, 1], which can separates the consistent and conflict evidences more clearly. It takes the weight of the focal element evidence into consideration, which can deal with the situation when the importance of the focal element in each evidence is different. Furthermore, it utilizes the defined kernel and a union kernel relational matrix to separate the single subset and the union subset focal element evidences when constructing the conflict evidence measurement. We compare the proposed conflict evidence measurement with the existing methods by some examples and apply it in a multi-sensor fusion process. Through the comparisons, the validity of the proposed measurement is illustrated in detail.
I. INTRODUCTION
The evidence theory originated by Dempster [1] who used multivalued mapping to represent upper and lower probabilities in 1967. Later in 1976, it was developed by Shafer [2] who gave a definition formation of evidence theory, so the evidence theory was also called Dempster-Shafer theory (DST), and now also known as belief functions. It is an efficient mathematical method to address imprecise and uncertain information in intelligent systems [1] , which has become an indispensable quantitative analysis method in the field of uncertain information processing. Many experts and scholars all over the world have committed to belief functions and its applications. After 40 years in use [3] and [4] , the belief functions not only have been developed theoretically [5] - [9] , but also are widely used in such applications as the clustering analysis [10] - [15] , pattern classification and recognition [16] - [20] , multi-attribute decision making [21] - [25] , image processing [26] , [27] , fuzzy sets and rough sets [22] , [28] - [31] and approximate reasoning [32] , [33] .
In the development of the belief functions, the mass function, the combination rule and the conflict evidence fusion have become three hot issues in the scholars' research. These three issues motivate three directions of belief functions: how to assign the mass function from the received data, how to combine the conflict evidences with the combination rule and how to measure the conflict evidence. Among which, the conflict evidence fusion is our interest in this article, more specifically, the conflict evidence measurement problem.
Since Zadeh [34] proposed the famous Zadeh paradox, the conflict evidence fusion has been widely studied by scholars. Martin [35] argued that the conflict is due to the reasons that the evidence sources are not reliable, the frame of discernment is not exhaustive and the sources do not express on the same phenomena, so how to distinguish these reasons is the key point. However, the conflict evidence measurement is the premise of the conflict evidence fusion. We will focus on this topic firstly. Many scholars have proposed various methods to solve the conflict evidence measurement. Since the traditional evidence conflict coefficient k can not get the correct fusion result in many cases, Smets et al. [36] - [38] put forward the famous transferable belief model (TBM) model. They defined the Pignistic probability function to transfer the belief into the probability. Jousselme et al. [39] proposed the classical Jousselme distance to measure the distance between the conflict evidence. Afterwards, Jousselme and Maupin [40] , Hu et al. [41] , and Burger [42] further systematically investigated the existing conflict evidence distance measurement methods. Jiang and Peng [43] , Jiang et al. [44] , and Liu and Cheng [45] used the arithmetic mean and geometric mean of the conflict coefficient k and Jousselme distance. Schubert [46] and Zhou et al. [47] introduced the degree of falsity to measure the conflict. Deng et al. [48] defined the relative coefficient based on the quasi-partial entropy and the relative entropy to represent the conflict between the conflict evidences quantitatively. Besides, Wen et al. [49] , Song et al. [50] , Wang et al. [51] , and Zhang et al. [52] utilized or improved the angle cosine to represent the conflict. Bi et al. [53] , [54] introduced the Tanimoto measurement based on TBM to measure the conflict evidence. Mao et al. [55] , Bao et al. [56] , and Tang et al. [57] defined the evidence coincidence degree, new evidence uncertainty degree and the Hamacher T-conorm to measure the conflict evidence, respectively. Zhang et al. [58] and Xiong et al. [59] extended the combination rules and applied them in the sensor data fusion field. Xu and Deng [60] proposed a combination rule based on shearman coefficient and pearson coefficient, which inspires us to measure the conflict evidences by correlation coefficients. Zhou et al. [61] further extended the combination rule to the D number's combination rule, which enriches the DST. Recently, Zhu et al. [62] used the distance between pignistic probability functions to evaluate the reliability coefficient of a sensor.
Although the above-mentioned literatures achieve a measurement of the conflict evidence to a certain extent, these methods are more or less unreasonable. For example, when the evidence is completely conflicting, Jousselme distance is prone to paradox. TBM distributes the belief into the single subset focal element probability averagely in the Pignistic probability transformation process, which disobeys the principle that the single subsets are mutually exclusive each other and this is easy to result in counterintuitive results. However, the existing conflict evidence measurement methods are mostly based on Jousselme distance and Pignistic probability. There are no optimal conflict measurement methods so far.
To this end, the motivation of this paper is to give a new idea of the conflict evidence measurement. This purpose is not to claim that it is an optimal conflict evidence method which has great advantages over the existing methods, instead, we will focus on a novel notion of constructing an innovative conflict evidence measurement method.
Through the analysis of the existing conflict measurement methods, we find that when the evidence only consists of single subset focal elements, most of the conflict evidence measurement methods are effective. However, when the evidence is union subset focal element evidence, most of the methods cause paradox. Therefore, the conflict measurement of union subset focal element evidence is the key solution to solve the conflict evidence problem, which is also difficult to tackle. Although the existing literature utilized the relational matrix D in the Jousselme distance to separate the single subset and union subset focal element evidences, what should be noted is that the relational matrix D deserves to be different between the single subset and union subset focal element evidence, while most methods neglect this point. Consequently, our innovative conflict evidence measurement will take this point into consideration. We also use the concept of the relational matrix D, however, we define the single kernel and union kernel relational matrix D to separate the single subset and union subset focal element evidences when measuring the conflict evidences.
In addition, the existing conflict evidence measurement lies in [0, 1] . When the degree is 1 in value, it means that the evidences are completely conflict, while when the degree is 0 in value, it means that the evidences are the same. However, during the multi-sensor fusion process, the present methods aggregate all the evidences together, no matter whether they are conflicted or not. Undoubtedly, this will reduce the fusion effect. The purpose of fusion ought to aggregate the consistent evidences to make a better decision, instead of aggregating the conflict evidences. Aggregating the highly conflict evidences makes no sense to the fusion result, instead it will result in the bad decision making through the fusion. Therefore, the innovative conflict evidence measurement should also separate the consistent and conflict evidences, which the existing methods can not distinguish them. We think that if two evidences are conflicted, they should be in an opposite relationship. That is when one increases, the other decreases. If both of them vary consistently, though the variation degrees are different, they should not be conflicted. The correlation coefficient in statistics point is just in this way. It lies in the [−1, 1]. When the correlation coefficient is 1 in value, it means that they are in a positive linear relationship. When the correlation coefficient is 0 in value, it means that they are in a negative linear relationship. When the correlation coefficient is −1 in value, it means that they are in a negative linear relationship. Therefore, we proposed the innovative conflict evidence measurement based on correlation coefficient, which is in [−1, 1] too. When the measurement is between 0 and 1 in value, it means that the evidences are consistent to some extent and this extent can be evaluated by the conflict correlation coefficient. While the measurement is between −1 and 0 in value, it means that the evidences are conflicted to a certain extent and this extent is also connected with the conflict correlation coefficient. Under this definition, when the measurement is 0 in value, we should regard them to be irrelevant evidence instead of the conflict evidence. With the help of this notion, we can separate the consistent and conflict evidences. Holding this principle in mind, we should aggregate the evidences which the conflict correlation coefficient is greater than 0 during the multi-sensor fusion process with the help of the innovative conflict evidence measurement. This will obviously increase the fusion quality by abandoning the irrelevant conflict evidence.
Furthermore, the importance of the focal element in the evidences is different from each other, that is, we mean that the weight of the focal element should be taken into account during the conflict evidence measurement and further fusion. For example, A, B and C are the three discernment focal element, and the weights of them are different. Under this condition, we can not directly aggregate the evidence m(A), m(B) and m(C) by the existing methods. What is a pity that, most of the existing literatures also neglect the effect of the focal element weight. Therefore, we consider the weight when constructing the conflict evidence measurement.
Combined the above three points: (1) separate the single subset and union subset focal element evidences (2) seperate the consistent and conflict evidences (3) take the weight of the focal element into account, we develop an innovative conflict evidence measurement based on the mathematical correlation coefficient.
The novelties of this paper are summarized in the five aspects: (1) The definition of some basic concepts, such as the union kernel, single kernel and union kernel relational matrix, kernel mean, variance, correlation and correlation coefficient. The rest of this paper is organized as follows: Section 2 briefly outlines the concept and some accessories of Belief functions. We also analyze the existing conflict evidence measurement methods in this section. In Section 3, we define some important concepts about the belief functions and further propose the conflict evidence measurement based on the mathematical correlation coefficient, which lies in [−1, 1] . In order to deal with the union subset focal element conflict evidence, we define the kernel relational matrix to separate the single subset and union subset focal element evidences in section 4. We also add the weight to the union kernel correlation coefficient in this section. And in Section 5, we compared the proposed correlation coefficient measurement for the conflict evidence with some existing methods through the classical conflict evidence examples measurement example. We also applied the conflict measurement to a multi-sensor fusion process to show its advantages. The conclusions are drawn in Section 6.
II. PRELIMINARIES
In this section, we briefly review the definition of belief functions and some concepts as the mass function, the belief and plausibility function, the classic Dempster's combination rule and the degree of conflict k. Besides, we also analyze some of the existing conflict evidence measurement methods.
A. BASIC NOTIONS OF BELIEF FUNCTIONS
In the Shafer model, denote be a finite, mutually exclusive and exhaustive set called the frame of discernment, Shafer defined the belief function and plausibility function. If the evidence tells us that the truth is in A, and A ⊆ B, we say that the evidence supports B. Given a normalized mass function m, the probability that the evidence supports B is thus
the probability that the evidence is consistent with B is thus
Where 
Where, k is the degree of conflict,
When k = 1, it means the two evidences are completely conflict, we can not aggregate evidences as the Dempster's combination rule. k is the traditional and common index to measure the degree of conflict, however, when k → 1, the fusion result by the Dempster's combination rule will be not satisfied with the intuition, for example the Zadeh paradox, so many methods have been proposed to improve the measurement of the degree of conflict.
B. SOME EXISTING CONFLICT EVIDENCE MEASUREMENT METHODS

1) PIGNISTIC PROBABILITY DISTANCE
Smets et al. [36] - [38] proposed the famous TBM, defined the Pignistic probability function. Denote evidence about frame of discernment be a mass function m, BetP m :
is the Pignistic probability function, such that
Where, |B| is the cardinality of the focal element. BetP m (A) transforms the uncertain belief of the union subset focal element to the probability of its single focal element averagely, which achieves the maximum Shannon entropy. Tessem [63] and Liu [64] proposed the Pignistic probability distance to measure the degree of conflict based on TBM,
represents the biggest distance of the Pignistic probability from the transferred mass function, the larger the difBetP
is, the more contradictory the primary evidences are. Liu [64] combined the traditional degree of conflict k and the Pignistic probability distance difBetP 
And later, Cuzzolin [65] improved the Pignistic probability distance by the Minkowski distance
2) JOUSSELME DISTANCE Jousselme et al. [39] proposed the Jousselme distance, let two evidences about frame of discernment be two mass functions m 1 (·) and m 2 
Where, m 1 and m 2 are the sequence vectors made up of the mass functions, D is 2 | | × 2 | | positive relational matrix, satisfies
Where, A i , A j ∈ 2 , relational matrix D reveals the relation between the single and union subset focal element, which is very important. Relational matrix D has many formations, which can be referenced in [40] . And Martin et al. [66] proposed the equation of conflict measurement based on the Jousselme distance
3) EVIDENCE RELATIVE COEFFICIENT
Deng et al. [48] defined the based on the relative coefficient based on the quasi-partial entropy and the correlation entropy to quantitatively represent the conflict between the conflict evidences, let two evidences about frame of discernment be two mass functions m 1 (·) and m 2 (·), r(m 1 , m 2 ) is the evidence relative coefficient, such that
Where, H (m 1 ) and H m 2 (m 1 ) are the quasi-partial entropy of m 1 to m 2 ,
4) EVIDENCE ANGLE COSINE
Wen et al. [49] , Song et al. [50] , Wang et al. [51] , and Zhang et al. [52] utilized or improved the angle cosine to represent the conflict, let two evidences about frame of discernment be two mass functions m 1 (·) and m 2 (·), cos (m 1 , m 2 ) is the evidence angle cosine, such that
Where, m 1 and m 2 are the norm of m 1 and m 2 respectively,
Generally speaking, the angle cosine is the vector representation of the correlation coefficient category. However, when 
III. CONFLICT EVIDENCE MEASUREMENT BASED ON CORRELATION COEFFICIENT
The conflict of evidence can be described as the difference of the evidences supporting the same proposition in the same frame of discernment. It can be represented by the distance, proximity, similarity and correlation of two sequences in mathematical language. We only discuss the conflict evidence measurement in the scope of the correlation coefficient, and for the moment we do not consider the rest. There is an inverse relationship between evidence conflict and correlation coefficient, the greater the conflict of evidence is, the smaller the correlation is, and vice versa. Therefore, this section starts with the concept of evidence correlation coefficient and we prove it's rationality to measure the conflict evidence. Then, some important concepts such as evidence correlation, evidence point multiplication and evidence autocorrelation are given. We also extended them to the single kernel and union kernel field. Finally, we propose the evidence conflict measurement based on the mathematical correlation coefficient, which lies in [−1, 1] to separate the consistent and conflict evidences.
A. CONCEPT OF EVIDENCE CORRELATION COEFFICIENT
Correlation measures the linear relationship between variables, which is widely used in the field of sequence measurement. There are a number of definitions of the correlation coefficient, we only provide a typical mathematical correlation coefficient as an example to analyze the conflict degree, and other definitions can be similar obtained in the same way. Therefore, the evidence correlation coefficient can be expressed as the linear relationship between the evidences, which can be used as a measurement of evidence conflict. Definition 1: Let two evidences about frame of discernment be two mass functions m 1 (·) and m 2 (·), ρ(m 1 , m 2 ) is the evidence correlation coefficient, such that
Condition (2) can be described as the following theorem.
Theorem: Under the same frame of discernment, if two evidences are in a linear relationship, it is equivalent to the fact that the two evidences are the same.
Under the same frame of discernment, we know that
The key of the proof is m 1 and m 2 are in the frame of discernment. Only under this condition, End. Actually, it is just as a result of the above theorem that the evidence correlation coefficient can be seen as a measurement of evidence conflict. If it is not in the frame of discernment, the correlation coefficient only describes the linear relationship of two variables, which can not represent the closeness.
B. SOME RELATED CONCEPTS
We define some concepts before we start on discussion of the evidence correlation coefficient.
Definition 2: Let the evidence about frame of discernment be a mass function m(·) = {m(A i )|i = 1, 2, · · · , 2 | | }, the evidence mean is defined as follows:
We can see that if we consider all the frame of discernment , the evidence mean is fixed at 1 2 | | . Therefore, it is meaningless to consider all the frame of discernment during the calculation process. In fact, we just calculate the mean of the focal element to get the evidence mean and need not to consider all the subsets in the frame of discernment. So the evidence mean can be modified with the kernel mean,
Where, κ(m) is the BOE or kernel under the frame of discernment. Similarly, we can define the kernel variance as
In fact, we just calculate the correlation of the union focal element to get the evidence correlation, thus, we define the concept of the union kernel. Definition 3: The union kernel is described as the union of the BOEs or kernels, let κ(m 1 ) and κ(m 2 ) be two kernels of evidences, and the union kernel is described as follows:
| is the cardinality of the union kernel,
So the union kernel correlation is defined as
Definition 4: Let two evidences about frame of discernment be two mass functions
From the equations above, it can be observed that, the union kernel correlation and the union kernel point multiplication have the following relationship:
C. THE FORMATION OF THE UNION KERNEL CORRELATION COEFFICIENT
Based on the above defined concepts, we propose the formation of the union kernel correlation coefficient, which means the normalized union kernel correlation. Definition 5: Let two evidences about frame of discernment be two mass functions
the union kernel correlation coefficient in the calculating process is defined as (25) , as shown at the bottom of this page. The union kernel correlation coefficient satisfies the three rules of correlation coefficient.
We know that
Using the Cauchy-Schwarz inequality:
we obtain:
. Thus, we get
therefore, −1 ≤ ρ κ (m 1 , m 2 ) ≤ 1, which ends the proof.
Actually, some other formations can also be defined in mathematical view, for example
Only if the formations satisfies the normalized union kernel correlation, for simplify we do not give other formations in this paper for the moment.
We can see that the evidence conflict measurement we have proposed lies in [−1, 1]. It improves the existing evidence conflict measurement falling in [0, 1], which can separate the consistent and conflict evidences. (1) Determine the union kernel between each two evidences: We can see from the result that conflicting degree between evidences 1 and 2 is −0.5766, it means that these two evidences are conflicted. While the conflicting degree between evidences 1 and 3 is 0.9806, it means that these two evidences are highly consistent. In fact, we can see from the evidences data that evidences 1 and 3 both support focal elements θ 1 , θ 3 and θ 4 , and the value are almost equal. The differences are evidences 1 supports θ 1 in 0.4 degree, evidences 3 supports θ 1 in 0.3 degree, the remaining 0.1 degree is sent to θ 5 . Therefore, these two evidences are highly consistent. Instead, evidence 2 supports focal elements θ 2 , θ 3 and θ 5 , so it is conflicted with evidence 1. The calculation result is in accordance with the fact, which illustrates the validity of the evidence conflict measurement based on the correlation coefficient.
IV. THE MODIFIED CONFLICT EVIDENCE MEASUREMENT
The union kernel correlation coefficient proposed in the section 3 do not refer to the weight of the focal element, however, the weight of the focal element is commonly different in practice. When making a decision, the decision makers usually tend to provide their preferences to the received data according to their prior knowledge. For example, an evidence itself provides 60% belief to target A, instead, the expert believes that the data belongs to target A occupies 50% when he/she processes the data. At this time, we must take the consideration of the experts' preferences. It is a little like a probabilistic belief. However, most of the existing conflict measurement methods can not deal with this case, so we add the focal element weight to modify the correlation coefficient. Furthermore, the existing conflict measurement methods do not separate the single subset and union subset focal element evidences when measuring the conflict evidences, which do not distinguish the relational matrix when modifying the evidence. For this reason, we define the single kernel and union kernel relational matrix to modify the correlation coefficient, which can separate the single subset and union subset focal element evidences.
A. THE WEIGHTED UNION KERNEL CORRELATION COEFFICIENT
Before we give the weighted union kernel correlation coefficient, we define such concepts as the weighted union kernel mean, variance and correlation. 
Where, w(κ(m))
) is the weight of kernel under the frame of discernment.
Definition 7: Let the evidence about frame of discernment be a mass function m(·) = {m(A i )|i = 1, 2, · · · , 2 | | }, the weighted kernel variance is defined as follows:
Definition 8: Let two evidences about frame of discernment be two mass functions
, the weighted union kernel correlation is defined as follows:
Where, w i (κ(m 1 , m 2 )) is the weight of the union kernel focal element. It can be obtained as follows: Example 2: Frame of discernment = {θ 1 , θ 2 , θ 3 }, two independent evidences are given as Then we get the union kernel: κ(m 1 m 2 ) = {θ 1 , θ 2 , θ 3 , θ 1 θ 2 , θ 1 θ 3 , }, kernel: κ(m 1 ) = {θ 1 , θ 3 , θ 1 θ 3 , }, κ(m 2 ) = {θ 2 , θ 3 , θ 1 θ 2 }, and the weight of the union kernel can be calculated as follows:
Based on the above definitions, we give the modified weighted evidence correlation coefficient.
Definition 9:
Let two evidences about frame of discernment be two mass functions m 1 (·) = {m 1 ( 
B. THE SEPARATE UNION KERNEL CORRELATION COEFFICIENT
To the best of our understanding, the confusion of the union focal element with the single focal element makes the measurement of conflict evidence difficult. When the evidence is single focal element, most the existing conflict evidence measurements can handle it. While when the evidence is union focal element, the existing conflict evidence measurements are controversial. Therefore, to separate the single subset and union subset focal element is the crucial. Which means it is required to distribute the union subset focal element belief into the single subset focal element belief. Jousselme et al. [39] introduced the relational matrix D in the distance to separate the single subset and union subset focal element evidences, however, they neglected the fact that relational matrix D should be different when modifying the distance. We distinguish this point and define the single kernel and union kernel relational matrix D to modify the proposed correlation coefficient, which can clearly separate the single subset and union subset focal elements. Definition 10: Let two evidences about frame of discernment be two mass functions m 1 (·) = {m 1 (
, d ij describes the relationship between the focal element proposition. Here we defined the union kernel relational VOLUME 6, 2018
matrix in the calculating process as follows:
And similarly the single kernel relational matrix is defined as
Example 3: Frame of discernment = {θ 1 , θ 2 , θ 3 }, two independent evidences are given as
Then the union kernel:
, and the union kernel relational matrix and kernel relational matrix are shown in the following: 
Although some of the existing methods utilized the relational matrix D to modify the evidence, however, we should point out that the object they modified was wrong. For example, [50] and [51] utilized the relational matrix D to modify the evidence mass function and obtained the new mass function. They use the new mass function to measure the conflict evidence. This method contradicts with the TBM rule: the sum of the modified new mass function is greater than 1 in value, which is unreasonable. Example 4: For convenience, the data is the same with example 3.
If we apply the existing angle cosine methods in [45] and [46] , we will get 
| is the union kernel relational matrix. The modified weighted union kernel correlation is defined as follows:
It also can be written in the vector formation 
It also can be written in the vector formation Based on the modified weighted union kernel correlation and single kernel variance, we derive the modified weighted union kernel correlation coefficient as follows. (κ(m)) ), then the modified weighted union kernel correlation coefficient is defined as follows:
It also can be written in the vector formation (38) , as shown at the bottom of this page. Until now, we completed our innovative conflict evidence measurement based on the modified weighted union kernel correlation coefficient. This novel conflict evidence measurement lies in [−1, 1]. In addition, it takes the weight of the focal element into consideration and can separate the single subset and union subset focal element evidences. These three ideas are innovative, extending the conflict evidence measurement to a new prospect.
To give a better understanding of the proposed conflict evidences measurement, we draw a procedure in the Figure 1 .
V. THE ILLUSTRATIVE EXAMPLE
In this section, we use two examples to show the implementation of the proposed conflict evidence measurement based on the modified weighted union kernel correlation coefficient. The first is the classical example in [39] and the other is about the multi-sensor fusion process.
Example 5: Let a frame of discernment with 20 elements be
two independent evidences about frame of discernment be two mass functions
Where, A is the subset of . Suppose that subset A increments one more element at a time, starting from Case 1 with A = {1} and ending with Case 20 when A = {1, 2, . . . , 20}, which is shown in Table 1 .
We compare the conflict index k, the Jousselme distance d BPA , the Pignistic probability distance difBetP
, the evidence relative coefficient r, the evidence angle cosine cos, the mean of the conflict index and Jousselme distance k d with the proposed conflict evidence measurement based on the modified weighted union kernel correlation coefficient in this paper ρ mw (κ (m 1 , m 2 ) ), to demonstrate its practicability and validity. The comparison data are shown in Table 1 .
In order to make better comparison, we transfer all the above measurements to a closeness relationship as the evidence relative coefficient r, the evidence angle cosine cos and , r, cos and ρ mw (κ(m 1 , m 2 )) are drawn in Figure 2 .
Through the comparison of the data and graph in Table 1 and Figure 2 , we can see that when A increments one more element at a time changes from {1} to {1, 2, . . . , 20}, only the conflict index k remains unchanged, obviously it is contrary to the fact that the conflict between these two mass functions should be different when the size of A changes. It proves that it can not deal with highly conflict evidence measurement. The variation tendencies of the other six kinds of methods are consistent with each other. With the graph first increases to A = {1, 2, 3, 4, 5}, the conflict between these evidences are smallest at this time, which is consistent with the fact the conflict between these two mass functions is smallest at this moment. When A increases continuously, the conflict degree gradually increases too. Therefore, this example validates the validity of the proposed conflict evidence measurement method based on correlation coefficient in this paper. Furthermore, the proposed conflict evidence measurement lies in [−1, 1], which outperforms the existing methods in separating the consistent and conflict evidences. It provides a new prospect to measure the conflict evidence.
Example 6: Suppose a multi-sensor fusion process with five sensors (S1-S5) to recognize the reported potential target A, B and C, each sensor provides its evidence about the targets, which forms the frame of discernment with three elements = {A, B, C} and five evidences (m 1 -m 5 ). The mass functions of the multi-sensor target recognition process are listed in Table 2 .
In this example, we use a combination rule based on the proposed conflict evidence measurement to compare with some of the existing combination rules. The combination rule we used is described in the following
Where B, C ∈ , λ is the proposed conflict evidence measurement based on the modified weighted union kernel correlation coefficient,
In the fusion process, we combine the evidences one by one until all these five evidences are combined. The comparison results of 13 different combination rules are shown in Table 3 . As seen from Table 3 , when the evidence of S2 is conflict with the others, the combination results of Dempster rules and Smets rules are abnormal. They suffer the ''veto problems'' and produce the wrong decision results. While the other combination rules make the correct decision with more pieces of evidence are combined. The fusion result of the recognition target is target A.
We also draw a figure of these 13 combination rules when combining target A to compare the advantage of different combination rules, which is shown as Figure 3 .
As indicated in Figure 3 to the PCR5, but it can be regarded as a generalized PCR5. PCR5 and our combination rules all allocate the conflict belief to the target instead of and ∅. Therefore, the belief of target is usually higher than the others by using these two rules. (2) Further, PCR5 allocates the percentage of the conflict according to the mass functions themselves, which is easy to be influenced by the evidences especially when evidences are highly conflicted, for example, the m 1 and m 2 in this example, while our combination rule allocates the percentage of the conflict according to the conflict degree of the evidences, which can better handle the conflict timely than PCR5. Consequently, it can relieve the conflict quickly and timely than the others and get the higher belief when combining m 1 and m 2 . With the evidenced increase, the conflict between the evidences became low. At this moment, our combination rule tends to be close to PCR5. It explains that in this example the combination results of PCR5 and our rule are closer with more evidences adding. Furthermore, compared with Yager, Lefevre and Dubois& Prade's rules which cause more focal element as , ∅, AB and BC, our rule is more simple to achieve with lower amount of calculation.
VI. CONCLUSIONS
In this paper, we present a conflict evidence measurement method from the view of mathematical correlation coefficient. We define some novel concepts as the union kernel, single kernel and union kernel relational matrix, evidence and kernel mean, variance, correlation, and so on. Based on these concepts, we construct the conflict evidence correlation coefficient measurement. The proposed conflict evidence measurement separates the consistent and conflict evidences. Furthermore, we take the weight of the focal element into account to modify the correlation coefficient. In addition, we believe that some confusion of the existing conflict measurement result from the mixture of the union focal element and the single focal element. We also modify the correlation coefficient by the defined kernel relational matrix to separate the single subset and union subset focal element evidences. Through a serial of examples, the validity of the proposed conflict evidence measurement is demonstrated in detail.
Finally, we emphasize again that the purpose of this paper is not to claim that the proposed conflict evidence measurement is an optimal conflict evidence method which has great advantages over the existing methods, instead, we provide an innovative perspective of constructing the conflict evidence measurement.
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